Using a unique dataset obtained from rural Andhra Pradesh, India that contains direct observations of household access to credit and detailed time use, results of this study indicate that credit market failures result in a substantial reallocation of time use pattern by children, leading to a significant increase in remunerative work and a similarly significant decrease in leisure time. While the direct impact on schooling time per se does not appear to be large, longer work and shorter leisure could arguably constrain effective learning opportunities of children, hampering human capital formation.
I. Introduction
Among the many market failures that stand in the way of economic development, the most pervasive may be those credit market failures which "impede the ability of the poor to make the private or collective 'investments' they need to escape poverty" (Banerjee et al., 2006, p.xv) . Given this, there has been a surge of interest in recent years in investigating the effects of credit market failures on education for children, the most important investment the poor can make.
A variety of theoretical models suggest that household access to credit markets has a significant effect on childhood education and on child labor (e.g., Bacolod and Ranjan, 2008; Baland and Robinson, 2000; Ranjan, 2001) . Also, there has been a growing empirical literature on the relationships between credit market and child labor. However, there appear to be two common limitations shared by most of the empirical studies: First, datasets used in these studies do not have direct observations of access to credit markets by sample households. As a result, researchers have relied on various kinds of exogenous income shocks in order to infer effects of credit access (or relaxation of credit constraints) indirectly. Second, since data on comprehensive time use patterns of children are rarely available, many studies focus on either education (e.g., Jacoby, 1994; Jacoby and Skoufias, 1997; Sawada and Lokshin, 2009) or child labor (e.g. Beegle et al., 2006) . However, the effects of credit market failure on the reallocation of children's time are likely to be seen in all activities including household chores and leisure as well as schooling and remunerative work. While it has often been assumed that an increase (decrease) in hours spent on child labor corresponds to a comparable decrease (increase) in schooling hours, recent studies have found that such a correspondence is far from one-to-one (Ravallion and Wodon, 2000; Edmonds, 2006) . These studies indicate that a major source of this imperfect substitution is likely to come from a reduction in leisure. However, the amount of time spent on leisure is not directly observed in these studies. As a result, existing research on the effects of credit access on schooling and/or child labor do not shed light on how credit access affects the burden of household production (relative to market work) on children's time or leisure.
To address this void, the present study utilizes a unique household survey dataset collected in a rural part of the Indian state of Andhra Pradesh where the incidence of child labor is found to be relatively high. This dataset contains two special modules that are typically not available in large-scale multi-purpose household surveys: (1) time use and (2) credit access. The detailed time-use module records time allocation of all household members for various activities and allows critical distinctions to be made between aspects such as time spent on schooling, remunerative work, household chores, and leisure. In addition, the credit module contains detailed information on access to credit. This in turn allows distinctions to be made between credit-constrained and unconstrained households and also facilitates modeling the determination of credit market access explicitly.
Previewing findings of the present study, results suggest that credit constraints lead to substantial reallocation of time use among children. Children in credit-constrained households tend to increase time allocated for remunerative work, which, in turn, comes at the expense of time spent on leisure. The evidence on the direct negative effects of credit constraint on schooling time appears to be somewhat weaker, however.
The remainder of this paper is organized as follows: Section 2 includes a review of the existing empirical literature related to credit constraints and education. The major features of the dataset used in this study are described in Section 3. Section 4 includes empirical specifications, and empirical results are provided in Section 5. Additional robustness checks are reported in Section 6. Conclusions are discussed in Section 7.
II. Identifying the Effects of Credit Access on Household Behavior: A Survey
In the absence of data with direct observations of credit-constrained and unconstrained households, a conventional approach to incorporating credit constraints in empirical models is to split the sample into those who are likely to be credit-constrained and those who are not (Zeldes, 1989; Morduch, 1990) . A potential problem with this exogenous approach, however, is that a single variable such as the income-wealth ratio or land ownership is unlikely to be a sufficient predictor of consumers' ability to borrow (Garcia et al., 1997, p.158; Jappelli, 1990) . Even in cases where credit constraints are observed, the fact that credit constraints are endogenously generated leads to a bias in the estimation results (Scott, 2000) . Recent empirical studies have recognized these potential issues and have relied on a variety of exogenous shocks to infer effects of credit constraints on household behavior. One approach utilizes transitory productivity shocks. The identification assumption is that a measured productivity shock generates a shift in the credit entitlement of households but is uncorrelated with household unobservables. For example, Jacoby and Skoufias (1997) use estimated income shocks and Beegle et al. (2006) use self-reported crop shocks, comparing households who are more likely to be under credit constraint with those who are not, to identify the effects of credit constraints on child labor. One caveat is that it is the difference in compound wealth and substitution effects that they are estimating. A productivity shock changes household shadow prices which define wealth and substitution effects. A negative farm productivity shock decreases the demand for farm production inputs while the wealth effects increase labor supply (including that of children). What this approach identifies may thus not be the effect of credit constraint per se, which is the difference of marginal utility value of current wealth relative to that of the future. Comparison between groups of households will then give the differences in schooling responses to the combined effects, which are different from the level effects of credit constraint on child labor that the theoretical literature has been focusing on.
Edmonds (2006) exploits a pension policy change in South Africa in order to infer (indirectly) the presence of liquidity constraints and their effects on child labor and schooling among black South African families. The idea is that a previously unanticipated wealth transfer program will shift credit entitlement of households but is uncorrelated with household unobservables. Edmonds (2006) uses a regression discontinuity design to deal with the endogeneity of pension eligibility. By controlling for household characteristics, especially the age of elderly members, his estimation exploits a discrete jump in pension eligibility among observationally proximate households with elderly members. The size of transfer changes the wealth position considerably and affects the household schooling choice. While attractive, one of the major limitations of the "unanticipated shock" approach is that such events (or natural experiments more generally) do not occur very frequently.
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Despite the obvious attractions of natural and prospective experimental approaches, their validity critically depends on specific locations and the contexts that make such experiments feasible. Unfortunately, in the setting of child labor and time allocation in rural India, the availability of such opportunities appears to be relatively limited. This paper alternatively seeks to enhance the non-experimental approach by collecting richer data. As described in the next section, a household survey questionnaire was designed to allow direct identification of credit entitlement following Scott (2000) . This resolves the issue of the mixture between substitution and wealth effects. For addressing the potential endogeneity issues regarding household access to credit, an instrumental variables approach was used.
III. Data

A. The Household Survey in Rural Andhra Pradesh, India
Approximately 400 rural households in 32 villages in the Kurnool district of the southern Indian state of Andhra Pradesh were surveyed.
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This study region belongs to the semi-arid tropics of the Deccan Plateau and is notorious for high risk in agricultural production (Walker and Ryan, 1990) . The survey was conducted in February-March 2005. While this period is usually characterized by an abundant demand for agricultural labor, this particular year was marked with a drought, which resulted in lower demand for farm labor. Nevertheless, numerous instances of child labor were observed. Indian states are generally very large geographically and exhibit great variation in the level of social development. Thus, peripheral state border areas where the outreach of administrative power is limited are known to accommodate a higher incidence of child labor. This is true even in relatively developed states such as Andhra Pradesh.
For these reasons, the dataset contains sample households with a higher incidence of child labor than found in other data sources originating in India. For example, at the "all India level" (the Indian government's National Sample Survey dataset for 1999/2000), the child labor incidence ratio among children aged 10-14 was 14.2% when a wider definition of child labor including household chores was used (Edmonds et al., 2010) . In the states of Uttar Pradesh and Bihar (the World Bank's Living Standards Measurement Survey dataset for 1997/98), where income poverty has been more severe than in other regions of India, the child labor incidence ratio was reported to be around 28.3 percent (Sakamoto, 2006) . The corresponding figure for the sample used in this study was 54.2 percent . While the relatively limited geographical coverage of our data could constrain external validity of our findings, we believe that, in the absence of nationally representative data with detailed information on both credit access and child time allocation, the use of our data is a worthwhile second best approach, and that our result would have some relevance and external validity for other parts of India where a similarly high incidence of child labor is found.
B. Time Allocation of Children
The survey contains a "one week time use module" whose reference period is the seven days immediately prior to the interview date. Respondents were asked about their activity on each "half-day" (AM or PM) during the reference period. A total of 14 half-days were classified as belonging to the following categories: (1) Remunerated work, including labor on own farm/enterprise, (2) Non-remunerated work (e.g., looking for jobs), (3) Household chores, (4) Child care, (5) Schooling, including time spent on homework, (6)Social activities, (7) Leisure, (8)Sickness, and (9) Other.
Adopting the ILO Standards classification, children in age group 5-14 are covered in this paper. Table 1 summarizes the one week time use data for 876 children aged 5-14 included in the sample households. For empirical analysis, five of the nine activity groups were aggregated into four broader categories: (1) schooling (category 5), (2) household chores including child care (category 3 & 4), (3) remunerative work (category 1), and (4) leisure (category 7). As is clear from this definition, our measure of leisure is not the residual but captures the pure leisure time spent by a child. Child time use in each activity is measured as the number of half-days spent on that activity during the reference period. Thus, each variable takes on integer values between 0 and 14. Table 1 summarizes the overall pattern of time used by children in the sample for four main activity types described above. Despite the relatively high incidence of child labor in the study area, children in the sample devote the largest proportion (nearly one third on average) of their time to schooling. After schooling, the bulk of their time is split equally between remunerative work and leisure. Each of these activities accounts for approximately one quarter of time allocation. The time devoted to household chores (as a main activity at least) accounts for a relatively smaller amount (one tenth) of their time. While information/data on child schooling and remunerative work is widely available, data on child domestic work and leisure are less commonly available. However, a substantial share (38%) of time used by children in the study sample is devoted to those two types of activities. Thus, ignoring time spent for those activities may potentially lead to erroneous inferences regarding the way children allocate their time (for example, between schooling and remunerative work). Note: The sum of means across the four activity categories is not 14 due to a residual category which includes social activities, being sick, and "other activities."
C. Credit Constraints
As discussed in Section 2, the credit module was designed to identify credit-constrained households directly as suggested by Scott (2000) . In identifying credit constraints, household heads were asked about member experience with credit suppliers during the 12 months prior to the survey. To construct liquidity constraint indicators with sufficient variation across households, concentration was placed on formal credit sources. A clear division between credit-constrained and unconstrained households is likely to emerge in the context of bank or formal credit in the study region because access is often determined by the household's ability to provide collateral, and this generally depends on ownership of land title (Pender, 1996) . Conversely, informal credit comes in numerous forms, so it is difficult to classify households according to credit access, and the determinants of access are less clear cut. Further, over the last few decades, formal sources of finance have become more accessible and important to the village economy in the study area. Given the increasing importance of formal credit, its impact on household behavior is interesting in itself.
Whether or not a household had tried to obtain a loan in a particular period was used to identify credit-constrained households. For those who tried to borrow money, it was determined whether or not a household could borrow as much as they requested under the proposed conditions. If the answer was yes, the household was identified as unconstrained. Those households who had their loan applications rejected or who could not borrow sufficiently were identified as credit-constrained.
Those who did not try to borrow were further asked the reasons for not seeking a bank loan. The answer choices were: (1 Respondents who chose one of (3) through (9) were identified as households likely to be credit-constrained with regard to formal sources. The remaining respondents who did not try to borrow were considered to be unconstrained. This is a "broad definition of credit constraint." However, respondents who chose one of (3) through (5) might not in fact be credit-constrained. Thus, an indicator variable was defined under the "narrow definition of credit constraint." This identified those households choosing one of (6) through (9) as constrained. This narrow definition of credit constraint is the focus in subsequent empirical analysis.
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On the basis of these responses, credit-constrained households who were not able to access credit can be identified.
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Since almost none of the existing multi-purpose household surveys include direct questions that identify credit constraints (Scott, 2000) , the data set provides valuable direct information for separating constrained and unconstrained households. This direct inference approach cannot identify constrained households who are not in need of credit through, for example, experiencing a positive income shock. However, this limitation would also be found in an experimental study in which the experimenter offers credit at random. Table 2 shows descriptive statistics for all 331 households used in this study. Among these, 164 (49.5 percent) are identified as credit-constrained (under the narrow definition), and this indicates that a significant proportion of households are indeed credit-constrained.
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While age and education profiles of the constrained and unconstrained households appear to be quite similar, the average household size is smaller, the average value of land owned is larger, and the average per capita consumption is higher among unconstrained households. The difference, however, is statistically significant only in the case of average household size. Table 2 also summarizes time use patterns of children by contrasting credit-constrained and unconstrained households. Children's time allocation patterns are quite similar between the two groups. Children in credit-constrained households, however, tend to allocate more time to household chores, and the difference is marginally significant with a p-value of 10%. This observation is consistent with the findings of Sawada et al. (2006) that mothers tend to work longer in credit-constrained households, and the burden of domestic work is shouldered in turn (at least in part) by their children. While the estimated mean amount of time spent on schooling, remunerative work, and leisure are all slightly less among children within credit-constrained households, the differences are not statistically significant. The next section includes investigation of whether or not these observations based on bivariate comparison hold when other factors are controlled for.
IV. The Econometric Specification
How does credit access affect time allocation among children? In order to implement an empirical assessment of this question, the conditional demand function approach of Pollak (1969) and Pitt (1997) is applied as follows:
where L hij is the amount of time spent on activity j by child i in household h, and cc h is an endogenous dummy variable (defined at the household level) indicating whether the household is credit-constrained (cc=1) or not (cc=0). X hi and X h are vectors of child and household characteristics, respectively, and represent the shifters of market returns to child labor and schooling, the interest rate, and preferences. u hij is a mean-zero error term. Assuming that the effects of all covariates X hi and X h are the same between credit-constrained and unconstrained households, the coefficient  ccj measures how the lack of access to credit affects time spent by children on various activities (denoted by j).
In estimating equation (1), the following types of control variables were employed: (1) individual characteristics of a child, (2) conventional household characteristics, (3) potential shifters of household preferences, and (4) village fixed effects. Their constituents are described below.
First, individual characteristics of a child include the child's age, a quadratic term to capture non-linearity of the age effect, defined as (age -5) 2 , and a dummy variable taking a value of one for girls.
Second, conventional household characteristics include the age of the household head (to control for the lifecycle effect), the years of schooling for the child's father, the years of schooling for the child's mother, their cross terms with the girl dummy variable to investigate the gender disparity among children, the number of household members, household composition variables (shares of various age-gender groups within the household membership: working-age males, working-age females, male children of age 5-14, female children of age 5-14, and children of age 0-4), a dummy variable for holders of ration cards given to below-poverty-line households under the Public Distribution System of the Government of India, the acreage of irrigated land operated by the household, the number of bullocks owned by the household to represent livestock assets, and dummy variables for mutually exclusive community groupings based on religion and wider caste definitions (Scheduled Castes, Scheduled Tribes, upper and medium Hindu castes, and Muslim, with the reference category defined as those households belonging to the so-called "Other Backward Classes").
Third, potential shifters of household preferences are defined as variables that may influence household preferences via the process of bargaining over intra-household resource allocation. These include a dummy variable for literacy of the father of the household head, a dummy variable for literacy of the mother of the household head, a dummy variable for literacy of the father of the spouse of the household head, a dummy variable for literacy of the mother of the spouse of the household head, the difference in age between the father and the mother of the household head, and the difference in age between the father and the mother of the spouse of the household head. As McElroy (1990) argued, such extra-household environmental parameters (EEP) enter into reduced-form demand functions if the preferences of the male and female adult members of the household differ, and if their "bargaining power" is affected by such factors. 8 Finally, village fixed effects are included in the estimation to collectively control for differences in market conditions, socio-economic environments, and school quality. In India, it is often claimed that Scheduled Castes and Scheduled Tribes are backward strata with less interest in education. If this is correct, the coefficients on their respective dummy variables would be expected to be positive in the equation for child labor and negative in that for schooling. Whether or not this holds even when other individual and household characteristics are controlled can be examined. The inclusion of community dummies (or more detailed caste fixed effects) may be expected to reduce possible bias due to omitted variables at the household level.
Household access to credit is determined by:
where 1 [•] is an indicator function associated with credit constraint. K h is the exogenous shifter of the amount of credit to which household h has access, and e h is a mean-zero error term which may be correlated with u hij . As is often recognized, unobserved heterogeneity in ability and tastes could affect both credit access and time allocation of children. Those households with higher (lower) innate ability, for example, could be less (more) credit constrained possibly because they can manage limited amount of funds more (less)
efficiently. The children of such households are more (less) likely to be in school -because children of parents with higher (lower) ability may inherit higher (lower) congenital ability, which could raise (lower) their returns to education -and less (more) likely to work. This would lead to correlations between e h and u hij . If this is the case, the negative effect of credit constraint on children's schooling, as well as its positive effect on work, is likely to be overestimated. In addition to the possibility of endogeneity biases, if the dummy variable capturing the household access to formal credit is measured with errors, then the OLS estimates of the credit constraint effects may be biased toward zero, leading to underestimation of the impact of credit constraint on children's time allocation.
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Which force dominates is an empirical question that we address in a later section.
The observed measure of K h used in empirical implementation is the value of land held by household h. The underlying assumption, following Sawada et al. (2006) , is that the value of land owned by each household affects credit access (through collateral value, for example) but does not directly affect time allocation patterns of household members once the labor demand factor is controlled for using the size of irrigated land operated by the household. We also assume that the extent to which credit access is affected by land value could differ across caste groups. The use of land value as an identifying instrument could potentially be questioned for two reasons, however. Firstly, the wealthy may, regardless of the levels of returns to schooling, prefer to have their children enrolled at school (so-called "luxury axiom" first proposed by Basu and Van, 2000) , and secondly, some children may genetically inherit high ability from their parents leading to the possibility that both wealth and unobserved ability (which likely affect children's time allocation) are potentially correlated with land values. In order to control for the possible effects of the "luxury axiom," we include per capita consumption expenditure which could arguably be considered as a more direct measure of both the wealth effects and of parental ability than land value. 10 We would argue that it is highly unlikely that land values will have independent impacts on children's time allocation after conditioned on per capita consumption. While inclusion of per capita consumption could raise a concern for potential simultaneity bias, as we will see in the next section, the estimated coefficients on per capita consumption turn out to be statistically insignificant for all specifications, and estimates on credit constraint remain stable. In addition, as an additional robustness check, we will re-estimate equation (1) by treating both credit access and per capita consumption as endogenous.
V. Empirical Results
Table 3 provides summary statistics for the empirical variables, and Table 4 reports the estimation results. Each column of Table 4 corresponds to a separate regression with each dependent "time spent on" variable: schooling, household chores and child care, remunerative work, and leisure. Regressions are based on two stage least squares estimation, treating the household access to formal credit as endogenous and using land value and its interaction terms with caste dummies as the identifying instruments. Coefficient estimates are accompanied by Huber-White robust standard errors.
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Village and community dummies are also included, but for brevity, the coefficients on village fixed effects are not reported. 11 Since the dependent variables are restricted to values between 0 and 14, an obvious alternative estimation method would be tobit estimation in order to handle censoring. As Deaton (1997, pp.85-89) has shown, however, when heteroskedasticity and censoring are present, tobit estimation does not necessarily perform better than OLS. Given this, OLS (as well as 2SLS in the subsequent analysis) was used in this study. Angrist (2001, p.8) , who argues that 2SLS estimates using a linear probability model are consistent regardless of whether the first-stage model is mis-specified while in the case of nonlinear first-stage specifications, such as probit or logit, the second-stage estimates are inconsistent unless the first-stage is correctly specified. Among the explanatory variables, the market value of land owned by the household, which serves as an instrument, has a significantly negative coefficient, and the number of household members has a significantly positive coefficient. Households with fewer land assets and more household members are more likely to be under a binding credit constraint. Household demographic compositions also have significant coefficients. We also find based on the first stage results that the set of instrumental variables are jointly significant determinants of credit access (the F-test statistic F(5, 590) = 11.3), suggesting that the potential issue of weak instruments is unlikely to be serious (Angrist and Pischke, 2009 ). We also note that the tests of the over-identifying restrictions cannot reject the null hypotheses of instruments being uncorrelated with the error terms (p-value ranging between 0.29 and 0.48, depending on the dependent variables of the main regression equations). On the basis of those test results, we conclude that our instrument set includes valid instrumental variables.
Turning to Table 4 , these regressions explain child time allocation with credit constraint as well as other individual and household-level characteristics, community dummies, and village dummies as explanatory variables. The estimated coefficients on access to credit ( ccj in equation (1)), which is our main focus, have the expected signs; they are negative in the equations for schooling and leisure and positive in the equations for domestic and remunerative work. Our results suggest that, with all else equal, the time spent by a child in a credit-constrained household on leisure is significantly shorter by 1.6 days (3.2 half day units) and the time spent on remunerative work is significantly longer by 1.7 days (3.5 half day units) over the one-week reference period compared to that of a child in an unconstrained household (p-values for the leisure and remunerative-work coefficients are 6.7% and 3.8%, respectively). The quantitative magnitude of those effects appears to be quite striking: the effects of credit access on leisure and (remunerative) work time correspond to 83% and 97%, respectively, of the average spent on those activities. Notes (1) The symbols ***, **, and * indicate statistical significance at 1%, 5%, and 10%, respectively. (2) Standard errors are in parentheses. (3) "Credit constraint" is an endogenous variable. Models include all explanatory variables defined in Table 3 except for "Value of owned land" which is excluded for identification purposes. (4) Village fixed effects are also included, but coefficients are not reported. (5) Weighted linear models are estimated to correct for the difference in sampling probability.
The point estimates also indicate that the time spent by a child in a credit-constrained household on schooling is shorter and the time spent on household chores (including child care) is longer. The quantitative magnitude of such effects appears to be relatively smaller (-1.3 and 0.4 for schooling and household chores, respectively), however, and those coefficients are not statistically significantly different from zero. Based on our results, the evidence on negative effects of credit constraint on the time spent on schooling appears to be relatively weak while the effects of credit constraint on longer work hours and shorter time on leisure are substantial. While the direct impact on schooling time per se may not be large, our results still raise the possibility that longer working hours and shorter leisure (e.g., after-school activities, time on reading or time for sufficient rest) could arguably constrain effective learning opportunities of children and thus could hamper human capital formation. We should further note that the observed leisure time in our data is the time spent on leisure per se (and net of other miscellaneous activities such as job search, being sick, and socializing) and thus is likely to measure directly the amount of children's time that enhances their welfare and that, arguably, has strong complementarity with their effective learning. Our findings, therefore, could be seen as broadly consistent with the recent empirical literature concerned with the relation between credit constraints and education (e.g., Edmonds, 2006; Jacoby, 1994; Jacoby and Skoufias, 1997; Sawada and Lokshin, 2009 ).
There have also been some recent empirical studies suggesting the possibility of increasing child labor as a result of increasing credit access. This could occur if the additional working capital obtained through increased credit boosts the profitability of the farm or the household enterprise and increases the demand for family labor, assuming that family and hired labor are imperfect substitutes (Hazarika and Sarangi, 2008; Wydick, 1999) . Findings in this study suggest, however, that such perverse effects are unlikely to be important in our study area; children in credit-constrained households tend to increase their labor supply both for remunerative work and for domestic work (although the evidence for the latter is weaker).
Furthermore, compatible with findings of Ravallion and Wodon (2000) , the amount of decrease in schooling and increase in labor appear not to be symmetric. Ravallion and Wodon (2000) found that the increase in incidence of schooling due to the school stipend program was larger than the decrease in incidence of child labor (including both market and domestic work) by a factor of four (for boys) to eight (for girls). Our results suggest a similarly asymmetric but opposite pattern of effects of credit access on schooling and child labor. Based on the point estimates, the amount of increase in child labor (household chores and remunerative work) due to credit constraint (3.9 half-day units) is three times as large as the decrease in schooling (1.3 half-day units) with the latter effects being statistically insignificant. In addition, data indicate that such a gap between the increase in child labor and the decrease in schooling is filled at the expense of leisure. Thus, credit constraints appear to have substantial effects on all aspects of the time allocation of children.
Results of this study also demonstrate that bivariate comparisons such as those in Table 2 may fail to reveal some significant differences with far-reaching implications. While time allocation patterns of children are not significantly different between credit constrained and unconstrained households (with the exception of the difference in time allocated for domestic work), regression results reveal that the impact of credit entitlement is in fact quite significant when the effects of other variables (and the endogeneity of credit constraints) are controlled.
Other than the effects of credit access, evidence indicates that there are significant gender gaps in child time allocation, even after controlling for (observable) household-level and individual-level characteristics. Compared with boys, time spent by girls on schooling and leisure is significantly shorter, while their time spent on household chores is significantly longer. The gender difference in time allocated for remunerative work, however, is not significantly different from zero. The age effect on remunerative work is linearly positive while it is concave on schooling and convex on leisure. Contrary to conventional findings in empirical studies on India (Aggarwal, 2004; Basu et al., 2003; Deb and Rosati, 2002; Drèze and Kingdon, 2001; Sakamoto, 2006) , the effects of parental education on child time allocation (including that on schooling) are surprisingly found to be generally insignificant. The only exception is the effect of maternal education on girls' time spent on household chores. Better educated mothers tend to narrow the gender gap among children in time allocation to this activity. The general insignificance of the coefficient estimates for parental education may be due in part to the presence of variables capturing the education of grandparents. This is often found to be inter-generationally correlated. The literacy of the father of the household head, for example, is found to have significantly positive effects on schooling time for his grandchildren and negative effects on time allocated by his grandchildren for remunerative work. Among other household characteristics, the number of household members has a negative effect on remunerative work and a positive effect on leisure. Rather surprisingly, despite the well-known "luxury axiom" (Basu and Van, 1998) , the effects of per capita consumption expenditures are found to be statistically insignificant in our results.
Effects of community dummies remain even after controlling for individual and household characteristics and village fixed effects. In the remunerative work regression, the coefficients for Scheduled Tribes, upper and medium Hindu castes, and Muslim are negative and statistically significant. This implies that households belonging to these groups are less likely to send children to remunerated work than households belonging to "Other Backward Classes." In the schooling regression, the coefficients for Upper and medium Hindu castes and Muslim are positive and statistically significant (although the effects are only marginally significant for the former category). While the positive coefficient found for the upper and medium Hindu castes coincides with expectations, the absence of significant disadvantage in schooling among Scheduled Castes or Tribes (with households belonging to "Other Backward Classes" as reference) again contrasts with the findings of Deb and Rosati (2002) , Drèze and Kingdon (2001) , Aggarwal (2004), and Sakamoto (2006) . This may reflect the impact of civil movements in rural Andhra Pradesh to improve the social conditions of households belonging to the Scheduled Caste, Scheduled Tribe, and Muslim communities.
VI. Additional Robustness Checks
In order to ensure the robustness the 2SLS estimation results presented in the previous section, in this section, we briefly discuss the results treating per capita consumption as an additional endogenous variable, the OLS estimation results, and the results based on a just-identified model for comparison purposes.
As we noted earlier, per capita consumption expenditure, interpreted as a direct measure of household income levels, is included as a control variable in the main regression due to the possible effects commonly referred to as the "luxury axiom" (Basu and Van, 1998) . However, since the argument could be made that time allocation of household members and household income are simultaneously determined, the inclusion of per capita consumption in the main equation could potentially give rise to an another endogeneity issue. Since the estimated effects of household income on children's time allocation are statistically insignificant, the possibility of this potential endogeneity problem being serious is not likely to be large. Nevertheless, we re-estimated equations (1) and (2) by treating both credit access and per capita consumption as endogenous and using the same set of instruments. While detailed estimation results are not reported for brevity, we find that the coefficient estimates are quantitatively similar and our qualitative results on the effects of credit access on time allocation are unchanged (Appendix Table 2 , (C)).
Appendix Table 2 , (A), summarizes the coefficient estimates in equation (1) based on OLS rather than 2SLS, treating the credit access variable as an exogenous variable. While the sign pattern of the effects of credit constraint on time allocation is unchanged, the size of estimated coefficients based on OLS is substantially smaller than those based on 2SLS as we saw earlier, with the exception of household chores. As a result, none of the OLS coefficients on credit constraint is found to be statistically significant. The qualitative inferences are rather different between the 2SLS and the OLS results.
As discussed above, the familiar argument of possible endogeneity biases arising from unobserved heterogeneity in innate ability suggests the possibility of the magnitudes of the credit constraint effects being overestimated, while the potential presence of random measurement errors in the indicator variable of credit access could lead to attenuation biases. Once instrumental variables are used, these two biases should be eliminated. So if the 2SLS estimates are statistically significant, this implies that the attenuation biases are larger in magnitude than the potential endogeneity biases. This follows because 2SLS removes both the attenuation biases which reduce the estimates in their absolute values and the potential endogeneity biases which increase them. Based on the comparison between OLS and 2SLS results, it turns out that in this dataset, it is indeed the case. Although we have direct information on the (self-reported) credit access, which we believe is a significant improvement over other existing household datasets, the fact that we had to categorize the sample households into two types (i.e., credit constrained and unconstrained) based on an array of credit-related questions arguably suggests the non-negligible loss of information and, therefore, the presence of measurement errors.
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An additional possible explanation for the qualitatively different results between 2SLS and OLS results is the LATE (local average treatment effects) interpretation of the 2SLS results.
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As established by Imbens and Angrist (1994) , if the effects of land value on credit access are heterogeneous across households, the 2SLS estimates of the coefficients  ccj can be interpreted as the average causal effects of credit constraints among those households whose credit access is strongly affected by the value of land they own. If such households represent a relatively small proportion of the sample households, then we would expect that the OLS coefficients, measuring the average effects across all households, are unlikely to pick up such causal effects.
Finally, we briefly discuss the results based on a just-identified model derived from our base specification (with overidentifying restrictions) for comparison. Assuming that the exclusion restriction is valid, one potential advantage of just-identified 2SLS estimation would be that, other things being equal, potential small sample bias that could arise from 2SLS estimates can be minimized (Angrist and Pischke, 2009 ). Appendix Table 2 , (B), summarizes the 2SLS coefficient estimates on the credit constraint dummy based on the just-identified specification using land value as the only instrument. We can see that the evidence on the ill effects of credit constraint appears to be somewhat stronger based on the just-identified specification compared to that based on our base specification. In particular, the magnitude of negative effects on both schooling time and household chores is larger and both effects become statistically significant. On the other hand, the estimated coefficients on the credit constraint dummy appear to be relatively more stable for the leisure and 12 In addition, we conducted additional analyses estimating alternative OLS regression equations by varying the set of control variables and examining the sensitivity of the coefficient estimates in response to the changes in the controls. This follows the argument developed by Altonji et al. (2005) that the magnitude of the sensitivity of the coefficients on the suspected endogenous variable is indicative of the extent of selection on unobservables. The relatively small range of fluctuations in the estimated coefficients on the credit constraint dummy when the set of control variables are modified suggests that possible 'selection on unobservables' is not likely to be serious. Altonji et al. (2005) show that, under certain conditions (i.e., (a) a large number of observable covariates are available, (b) they have relatively high explanatory power, and (c) the available observables are representative of the full range of determinants of the outcome variable), a high degree of sensitivity of the coefficient on the possibly endogenous variable to the composition of the other covariates would suggest a high possibility of selection on unobservables. 13 We would like to thank the anonymous referee for drawing our attention to this point. remunerative work equations, although only the former coefficient remains statistically significant in the just-identified model (due to the substantially larger standard error for the latter). Overall, however, our broad conclusion on the negative effects of credit constraint on children's welfare and human capital accumulation based on our inference discussed in the previous section appears to be reasonably robust across alternative specifications. In particular, the ill effects of credit constraint on leisure time are robustly found across alternative specifications with credit constraint treated as endogenous.
VII. Conclusion
Our analysis using a unique data set collected in rural India suggests that credit market failures result in substantial reallocation of the use of time by children. In particular, the negative effects of credit constraint on leisure time are found to be substantial and robust, leading to a roughly 80% reduction on average. The effects of credit constraint on increasing children's remunerative work time are found to be also significant and similarly substantial, while the evidence on the negative effects on schooling time appears to be weaker. Our results suggest that credit constraint is likely to have both direct negative welfare losses (due to shorter time on leisure) as well as possibly negative effects on effective learning due to shorter time on after-school activities and other complementary activities. Our results are thus consistent with the existing literature pointing to the lack of such activities as a source of underachievement of primary school graduates in India. Ravallion and Wodon (2000) note, for example, that the impact of credit constraint may be underestimated.
The results presented in this paper, therefore, can also be seen, broadly, as being in line with existing theoretical literature such as Galor and Zeira (1993) showing that credit market failure can be a significant factor preventing the poor from investing in childhood education. While such an inference is not necessarily new in the empirical literature, findings in this study are based on direct observations of household credit market access and time use patterns rather than indirect inference based on particular theoretical propositions. Notes: (1) Village dummies are also included but suppressed in the table.
Appendix
(2) The symbols ***, **, and * indicate statistical significance at 1%, 5%, and 10%, respectively. Notes (1) The symbols ***, **, and * indicate statistical significance at 1%, 5%, and 10%, respectively.
(2) Standard errors and p-values are respectively in parentheses and square brackets.
(3) The same set of right-hand-side variables as those listed in Table 4 , as well as village fixed effects, are also included, but coefficients are not reported. (4) Weighted linear models are estimated to correct for the difference in sampling probability. (5) The number of observations is 655 for all specifications. # Credit constraint is treated as endogenous.
